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Abstract

Thedocumentunderstandingproblemcanbeinformally definedasthe
automaticextraction of meaningfrom documents. In the Intelligent
SensoryInformationSystemsgroup we have experimentedwith ana-
lyzing thevisualappearanceof documentsin orderto extractmeaning.
That is, we concentrateon how documentslook, ratherthanon what
they say. Wemotivatethisapproachwith severalapplicationsfrom doc-
umentimageunderstanding.First, we describehow documentgenre
classificationcanbeusedto groupvisuallysimilardocumentstogether,
whichsimplifiestheanalysistaskfor anentireclassof documents.Sec-
ond,weconsiderthelogicalblocklabelingproblem.Weshow how log-
ical labels(e.g.title, author, header, footer)canbeassignedto blocksof
text usinga few visual features.Third, we discussour approachto de-
tectingthereadingorderof text usingthevisualstructureof adocument.
The examplesarebasedon the work in the field of content-basedim-
ageretrieval (CBIR). Content-basedimageretrieval aimsat searching
andbrowsing imagerepositorieson the basisof a visual specification
of thequery. Thequerymaybeoneor preferablymoreexamples,and
thepresentationmaybea linearlist of items,or prefarablya similarity
grouping.Our researchon colourrepresentationsof realworld objects
andcolourcompositionof documentshasshown thatCBIR techniques
canbe successfullyappliedin order to simplify the documentunder-
standingproblem.
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1 Intr oduction

“Beforeyoubecometooentrancedwith gorgeousgadgetsandmesmerizing
videodisplays,let meremindyouthatinformationis notknowledge, knowledge
is notwisdomandwisdomis not foresight.Each growsoutof theother, andwe
needthemall.”

Arthur C. Clarke (Reinventing, 1995)

Therecanhardly be any doubt that we arein the midst of an informationrevolution.
The “information age” that punditshave long proclaimedis here. With it, we areforced
to redefineour definitionof, andinteractionwith, informationandhumanknowledge.The
advent of the personalcomputer, inexpensive massstoragedevices,and the World Wide
Web hasshiftedthe emphasisfrom informationaccessto effectiveaccessto information.
Thereis awealthof informationavailable,but how canwe find whatwe need?

Not only hasthequantityof informationexploded,but thevariety aswell. The tradi-
tional definitionof “document”hasgrown to encompassa broadclassof mediaincluding
text, hypertext, video,colorpictures,andsound.With thisexpansioncomechallengingnew
problemsin informationaccess.Traditionalkeyword andsubjectindexing fail to capture
muchof the informationpresentin different typesof media. Cantraditionalmethodsof
indexing andretrieving informationbemodifiedto provide effective accessto multimedia
information?

Interestingly, eventhoughdigital informationaccesshasdramaticallyreshapedour un-
derstandingof informationandinformationaccess,paperis still by andlarge themedium
in which we conductour public andpersonallives. While many institutionshave success-
fully reducedtheir relianceon paper–basedcommunication,the“paperlessoffice” is yet to
befully realized.Much of theinformationthatmovesthrougha typical office workflow is
still paper–based.Still moreinformationexistsonly in thepaperarchivesof businessesand
governmentinstitutions.Informationtechnologyhasyieldedpowerful new modesof inter-
actionwith knowledge,but how canwe provide effective accessto thevolumesof legacy
informationthatdo notexist in digital form?

Thesechangesin thelandscapeof informationandinformationaccessplacelibrary sci-
entistsandIT professionalsin a uniquepositionto shapethefutureof informationaccess.
In this article we addressthesequestionsof effective informationaccess.We begin our
discussionwith anintroductionto theconceptsemerging from thefield of contentbasedin-
formationretrieval, whichis concernedwith providing effectiveaccessto pictorialarchives.
We thenshow how theseideascanbeappliedto thedocumentunderstandingproblemby
characterizingdocumentsaccordingto how they look beforetrying to extractmeaning.Fi-
nally, we look at severalconcreteapplicationsof theseideas.

2 Content Based Image Retrie val

Contentbasedimageretrieval is arelatively youngfield of study, barelytenyearsold [4]. It
emergedfrom threeformerly unrelateddisciplines:computervision, informationretrieval,
anddatabases.Its goal is to provide effective accessto large imagedatabasesfrom many
differentdomains.Figure1 illustratesa simplequerymodelfor animageretrieval system.
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Figure 1: Thecontentbasedimageretrieval querymodel. An exampleimageis provided
to the retrieval system,which matchesit againsta large databaseof archived images. A
(ranked)list of similar imagesis returned.

In thissectionwegiveabrief introductionto contentbasedimageretrieval, anddiscussthe
aspectsthatsetit apartfrom othertypesof informationretrieval.

2.1 Image Retrie val

Considerthe imageshown in figure 2. Take a few minutesto try to describethe image.
Somepossibledescriptionsmight be:

� It is apictureof adesertlandscape.

� It is animageof a desertlandscapeshowing sanddunes.

� It is ascenepicturinga typical DeathValley landscape.

� It is apictureof aCreosoteBush.

� It is pictureof Larreatridentata.

� It is a sceneshowing a typical DeathValley landscape,which is representative of
desertlandscapesin thesouthwesternportionof theUnitedStates.Shown aresand
dunes,a CreosoteBush(Larreatridentata), andtheclearbluesky of anautumnday.

Thepoint to this familiar exerciseis thatthereis somethingaboutanimagethatcannot
becapturedwith words.It mustbeseento communicateall of its qualities.Theretrieval of
visualinformationdiffersfrom otherinformationretrieval problemsin thatvisualresponse
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Figure 2: A desertlandscapeof somesort.

is innatelyvisceral.It is difficult, if not impossible,to quantifyall of theinterestingaspects
of animage.

Images,unlike othertypesof information,arenot alwaysproducedunderrigidly con-
trolledcircumstances.Imagingconditionsmaycreateunwantedartifactsin theimage,often
referredto anoisein theimageprocessingcommunity, thatarenot relatedto thecontentof
theimage.In figure3 thesameboxof boerencakemix is imagedunderdifferentconditions.
This figureillustratessomeimportantfactorsthataffect thedigital representationof anim-
agedscene.For any scenetherecanbeliterally millions of differentdataarraysthatcanbe
imaged.A directconsequenceof this is thefutility of comparingtheraw dataof imagesto
determinecontentsimilarity.

Thisexamplemotivatestheneedfor invariancein contentbasedimageretrieval [3]:

Definition 1 A feature
�

is invariant to condition � if, for object � ,
�

producesthevalue��� ��� regardlessof theeffectof condition � .

The conceptof invarianceexpressesour desirethat an algorithmperformedon an image
shouldreturnidenticalresultsundervarying imagingconditions.Severalof the imagesin
figure3 wereacquiredunderdifferentilluminationconditions.In thiscasewewoulddesire
featuresthat are invariant to differencesin illumination. Someof the boxes in figure 3
arealsooccluded,andwe would alsowant featuresthat are invariant to somedegreeto
occlusions.Thereisanimportanttradeoff betweeninvarianceanddiscriminativeability. We
could designan “algorithm” that classifiedevery imageasBoerencake Mix, which would
be completelyinvariant to all imaging conditionsbut lack any discriminative power for
differentiating,for example,betweenimagesof Boerencake Mix andsnapshotsof my cat
Mojo.
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Figure 3: Someof thefactorsaffectingimageacquisition.Theobjectin eachphotois the
same,but thedigital representationvariesdrasticallydependingon illumination,occlusion,
orientation,etc.

2.2 The Semantic Gap

Whenwe look at the imagesin figure 3 we can immediatelytell that the object in each
imageis identical.Thehumancontentrecognition“algorithm” is remarkablyrobust,which
bringsusto whatis in asensethecrux of thecontentbasedimageretrieval problem:

Definition 2 Thesemanticgap is thelack of coincidencebetweentheinformationthatone
canextract fromthe(visual)dataand the interpretationthat thesamedatahasfor a user
in a givensituation.

The semanticgapexpressesthe inherentdifferencebetweenthe digital representation
of an imageandthe interpretationthata userassociateswith it. A usermaybe interested
in retrieving interestingpicturesof desertlandscapes,but thecomputeronly “knows” that
it haspictureswith somebrown in them. Much of the researchin contentbasedimage
retrieval concentrateson bridging the semanticgapusing invariance– particularly color
invariance[3], anduserinteraction[6].

3 CBIR and Document Under standing

In this sectionwe describehow conceptsfrom contentbasedimageretrieval may be ap-
plied to thedocumentunderstandingproblem.Writtencommunicationis highly structured,
andwe canleveragethis fact in applyingtechniquesfrom contentbasedimageretrieval.
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Figure 4: The moderndocumentlifecycle. A documentevolves throughthe authoring
andtypesettingphases.Thedocumentanalysisandunderstandingprocessesincrementally
reconstructthemeaningof thedocument.Theendresultis thenindexed into a document
retrieval system.

Imagesaregenerallyunconstrainedandhighly unstructured,while machineprinteddocu-
mentsutilize rhetorical,logical, andphysicalstructurein orderto effectively communicate
amessage.We look first at thegeneralproblemof documentimageunderstanding.

3.1 Document Under standing

Thetaskof acompletedocumentanalysissystem,asshown in figure4, is to takeabinarized
scanof a paperdocumentandaccuratelyreconstructthe logical meaningof thedocument
for indexing in adocumentretrieval system.Thisprocesscanbethoughtof astheinverseof
documentauthoring,andis typically dividedinto two stages:documentimageanalysis,and
documentimageunderstanding.Documentimageanalysisincludesscanningup to layout
componentidentification.Documentunderstandingencompassesall of theproceduresused
to transformlayout componentsdetectedin the documentanalysisstageinto an accurate
representationof thecontentof thedocument.

In mostformsof writtencommunicationtherearespecificlogical informationelements
that areexpectedto be present.For example,a businessletter is expectedto have a date,
from–address,to–address,opening,body, andclosing. Theselogical elementsare trans-
formed in the typesettingphaseinto physicallayout structuressuchassectionheadings,
titles, and bibliographicreferences.Layout structuresusually conform to acceptedpro-
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tocols and standardsthat allow a readerto accuratelyreconstructthe intendedmessage
(publicationssuchasWiredmagazinebeingnotableexceptions).

3.2 The Semantic Gap and Document Under standing

Thehighly structurednatureof machineprinteddocumentsaside,thereis still a hugegap
betweenthe raw arrayof pixels acquiredby a documentscannerandthe conceptualdoc-
umenttheauthorhadin mind whenoriginally creatingit. Evenaccurateoptical character
recognitionis not sufficient in bridging thesemanticgapin documentunderstanding.It is
necessaryto associatemeaningto theidentifiedelementsof a documentimage.This is the
primary focusof documentimageunderstanding,andbelow we provide severalexamples
of how visualstructurecanbeusedto effectively bridgethesemanticgap.

4 Case Studies

In this sectionwe discussseveral applicationsof the ideaspresentedabove. Out research
is primarily focusedonbridgingthesemanticgapin documentunderstandingby analyzing
thevisualstructureof documents.

4.1 Document Genre Classification

Documentunderstandingis difficult dueto thewidediversityof possibledocumenttypes,or
genres, within thedomainof documentprocessingsystems.Evenin therestricteddomain
of machineprinteddocuments,thereexistsadauntingvarietyof documenttypes.

Definition 3 A documentgenre is a category of documentscharacterizedby similarity of
expression,style, form,or content.

Figure4 illustrateshow documentgenreincrementallyevolvesthroughthe document
creationprocess,andis thenreconstructedthroughdocumentunderstanding.We arepri-
marily interestedin thetheformandstylecomponentsof documentgenre,astheserepresent
thevisualaspectsof documentlayout.Moreprecisely, weareinterestedin determininghow
thevisualcomponentsaffect theinterpretationof a document.Figure5 illustratesthedoc-
umentgenreclassificationprocess.

Ourresearchhasshown thatmany documentstypescanbedistinguishedfrom visualap-
pearancealone[2]. Applicationsof suchgenreclassificationtechniquesincludeautomatic
routingof documentsin office workflows, andtheimprovementof logical informationex-
tractionfor specificdocumentgenres.Experimentshaveshown thatdocumentgenrecanbe
correctlyidentifiedabout97%of thetime.

4.2 Segmentation of Comple x Color Layouts

Focushasbeenchangingin thedocumentanalysisresearchcommunitytowardprocessing
of moreandmorecomplex documentlayouts.Until now mostdocumentanalysishascen-
teredon relatively simpleblack andwhite documentswith simplelayout styles. Figure6
illustratesthechangingcomplexity of documentlayoutconsiderations.
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Figure 5: Genreclassificationbasedon visualsimilarity. On theleft is anunsortedpile of
documentswhich arethengroupedaccordingto visual similarity. Many classesof docu-
mentsaredistinguishedby their visual appearance.Genreclassificationduring the early
stageof documentimageanalysiscan help to identify the typesof logical information
present,andnarrow therangeof processingstepsneededathigherlevels.

Our researchhasshown thatcomplex colordocumentscanbeeffectively segmentedby
analyzingthethreedimensionalcolorstructureof scanneddocumentimages[7].

4.3 Reading Order Detection

Accuratedeterminationof thereadingorderof detectedtext regionsis anessentialcompo-
nentof documentunderstanding.Theproblembecomesparticularlyacutewhenprocessing
complex layoutssuchasmagazinesandnewspapers.Figure7 illustratestheambiguityof
readingorder. Oncetext regionshave beenidentified,theremaybemany possiblereading
ordersfor thecollectionof detectedrectangles.

Fortunatelytherearemany acceptedconventionsfor readingorder, andin many cases
the correctordermay be determinedby looking at the relative positionsandsizesof the
detectedtext blocks. Someambiguitiescannotbe resolved using visual structurealone,
however, andit is necessaryto employ naturallanguageprocessingto determinethecorrect
readingorder[1].

4.4 Logical Bloc k Labeling

Figure8 illustratestheinteractionof all of thedocumentunderstandingcomponentswehave
discussed.Thelasttaskin theprocessis theassignmentof logical labels(e.g.title, caption,
pagenumber)to eachof thedetectedtext regions.Many approachesto thisproblemrely on
accurateOCRof thetext in eachregion in orderto assigna logical label.
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Figure 6: Theincreasingdemandsondocumentunderstanding.As thecomplexity of mod-
erndocumentlayoutcontinuesto increase,sodo thedemandson documentunderstanding
systems.In the pastten yearsthe focusof muchdocumentanalysisresearchhasshifted
towardprocessingmoreandmorecomplex stylesof documents.

We have experimentedwith using a small numberof visual featuresto discriminate
betweenlogical classes[5]. Logical elementssuchastitle, caption,andpagenumbercan
berecognizedwith anaccuracy of approximately91%.

5 Conc lusions

Our researchhasshown that conceptsandapproachesfrom contentbasedimageretrieval
canaugmentexisting approachesto documentunderstandingby bridgingthesemanticgap
betweenconceptualdocumentand a scanneddocumentimage. By pre–classifyingdoc-
umentsinto genresaccordingto visual appearanceit is possibleto specializedocument
understandingapproachesto particulardocumentclasses.Throughtheanalysisof thecolor
compositionof complex documentlayoutswehave shown thattext canbecorrectlyidenti-
fiedandsegmentedin suchdocuments.By combiningspatialandlinguistic informationwe
have beenableto accuratelydeterminingthe readingorderof text in complex documents.
Lastly, by combiningthe above approacheswe have shown that logical meaningcanbe
extractedfrom documentsby usingvisualcharacteristics.

While our researchhasbeenconcentratedon machineprinteddocuments,it shouldbe
notedthat thetechniquesdescribedabove canbegeneralizedto electronicdocuments(i.e.
HTML, PDF, Word,etc.) aswell. This is likely to beanactive areaof researchin thenear
future, asmoreandmore documentsarebeingcreatedandpublishedin electronicform
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Figure 7: Theambiguityof readingorder. For a singledocumentsegmentationtheremay
bemany possiblereadingorders.Thesegmentationof a documentonly increasesthelevel
of abstraction.Insteadof reasoningaboutsequenceof unstructuredbits,wecannow reason
abouta collectionof semi–structuredrectangles.The semanticgapis narrowed, but not
completelybridged.
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Figure 8: The completedocumentunderstandingprocess. By combiningvisual, typo-
graphical,andcontent–basedfeaturesthelogical documentstructureis reconstructed.The
goalis to approximatetheconceptualdocumentthattheauthorhadin mind.
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